Social media are increasingly reflecting and influencing behavior of other complex systems. In this paper we investigate the relations between a well-know micro-blogging platform Twitter and financial markets. In particular, we consider, in a period of 15 months, the Twitter volume and sentiment about the 30 stock companies that form the Dow Jones Industrial Average (DJIA) index. We find a relatively low Pearson correlation and Granger causality between the corresponding time series over the entire time period. However, we find a significant dependence between the Twitter sentiment and abnormal returns during the peaks of Twitter volume. This is valid not only for the expected Twitter volume peaks (e.g., quarterly announcements), but also for peaks corresponding to less obvious events. We formalize the procedure by adapting the well-known "event study" from economics and finance to the analysis of Twitter data. This allows to automatically identify events as Twitter volume peaks, to compute the prevailing sentiment (positive or negative) expressed in tweets at these peaks, and finally to apply the "event study" methodology to relate them to stock returns. We show that sentiment polarity of Twitter peaks implies the direction of cumulative abnormal returns. The amount of cumulative abnormal returns is relatively low (1-2%), but the dependence is statistically significant for several days after the events.
Introduction
The recent technological revolution with widespread presence of computers and Internet has created an unprecedented situation of data deluge, changing dramatically the way in which we look at social and economic sciences. The con-stantly increasing use of the Internet as a source of information, such as business or political news, triggered an analogous increasing online activity. The interaction with technological systems is generating massive datasets that document collective behaviour in a previously unimaginable fashion [1, 2] . Ultimately, in this vast repository of Internet activity we can find the interests, concerns, and intentions of the global population with respect to various economic, political, and cultural phenomena.
Amongst the many fields of applications of data collection, analysis and modeling, we present here a case study on financial systems. We believe that social aspects as measured by social networks are particularly useful to understand financial turnovers. Indeed, financial contagion and, ultimately, crises, are often originated by collective phenomena such as herding among investors (or, in extreme cases, panic) which signal the intrinsic complexity of the financial system [3] . Therefore, the possibility to anticipate anomalous collective behavior of investors is of great interest to policy makers [4] [5] [6] because it may allow for a more prompt intervention, when appropriate. In the state of the art, we briefly review several studies focused on identifying the data sources that provide a significant signal to be correlated to the market. Three major classes of data have been examined: web news, search engine queries, and social networks. Regarding news, various approaches have been attempted: (i) to connect exogenous news with price movements [7] , (ii) to study stock price reaction to news [8, 9] ; (iii) the correlation between high or low pessimism of media and high market trading volume [10] ; (iv) the relation between the sentiment of news, earnings and return predictability [11] , (v) the role of news in the trading action [12] , expecially of short sellers [13] ; (vi) the role of macroeconomic news in stock returns [14] ; and finally (vii) the high-frequency market reaction to news [15] . In the analysis of search engine queries, some works [16] [17] [18] have studied the relation over time between the daily number of queries related to a particular stock and the amount of daily exchanges over the same stock. In another paper, a similar analysis is done for a sample of Russell 3000 stocks, where an increase in queries predicts higher stock prices in the next two weeks [19] . As for social networks and micro-blogging platforms, Twitter data is becoming an increasingly popular choice for financial forecasting [20] [21] [22] . For example, some investigated whether the daily number of tweets predicts the S&P 500 stock indicators [23] . A textual analysis approach to twitter data could be found in other works [24] [25] [26] where the authors find clear relations between mood indicators and Dow Jones Industrial Average (DJIA). Some other authors used news and Wikipedia to predict market movements [27] .
However, despite the high quality of the data sets used, the level of empirical correlation between stock price derived financial time series and web derived time series remains low, especially when a textual analysis of web messages is applied. This observation suggests that the relation between these two systems is more complex and that a simple measure of linear correlation is not enough to capture the dynamics of the interaction between the two systems. It is possible that the two systems are dependent only at some moments of their evolution instead of the entire time period.
In this paper, we study the relation between stock price returns and the sentiment expressed in financial tweets posted on Twitter. We analyze a carefully collected and annotated set of tweets about the previously-mentioned 30 DJIA companies. For each of these companies we build a time series of the sentiment expressed in the tweets, with sign designed to mimic the wisdom-of-crowd effect, as observed in previous works. As first analysis we compute the Pearson correlation between price return time series and the sentiment time series generated from the tweets. We also run a Granger causality test [28] to study the forecasting power of the Twitter time series. When considering the entire period, the values of Pearson correlation are low and only a few companies pass the Granger causality test. In order to detect the presence of a stronger correlation at least in some portions of the data time series we consider the relation between the stock price returns and Twitter sentiment through the technique of "event study" [29, 30] , known in economics and finance. This technique has been generally used to verify if the sentiment content of earnings announcements conveys useful information for the valuation of companies. Here we apply a similar approach, but instead of using the sentiment of earnings announcement, we use the aggregate sentiment expressed in financial tweets.
By restricting our analysis to shorter time periods around the "events" we find a statistically significant relation between the Twitter sentiment and stock returns. These results are consistent with the existing literature on the information content of earnings [29, 30] . The evidence strongly supports the hypothesis that tweets do indeed convey information related to abnormal returns of companies. Interestingly, there is evidence of relevant information even for the days of high activity on Twitter, but which do not correspond to earnings announcements. What the events on these days are, remains a subject of future research.
Data
Our analysis is conducted on 30 stocks of the DJIA index. The stock data are collected for a period of 15 months between 2013 and 2014. The ticker list of the investigated stocks is shown in Table 1 . In the analysis we investigate the relation between price/market data, and Twitter data. The details of both are given in the remainder of this section.
Market data
The first source of data contains information on price returns of the stock, with daily resolution. For each stock we extract the time series of daily returns, R d :
where p d is the closing price of the stock at day d. This data is publicly available and can be downloaded from various sources on the Internet, as for example the Nasdaq web site (i.e., http://www.nasdaq.com/symbol/nke/historical for the "Nike" stock). 
Twitter data
The second source of data is from Twitter and consists of relevant tweets, along with their sentiment. The data was collected by Twitter search API, where search query consists of the stock cashtag (e.g., $NKE for Nike). The data covers a period of 15 months (from June 1, 2013 to September 18, 2014), for which there is a total of 1.7 million tweets. The tweets and their sentiment were provided by the Sowa Labs 1 company. The Twitter sentiment is calculated by a supervised learning method. First, a large fraction of tweets were labeled by financial experts with three sentiment labels: negative, neutral or positive. Then, this labeled set was used to build a support vector machine (SVM [31] ) classification model which discriminates between the negative, neutral and positive tweets. Finally, the SVM model was applied to the complete set of tweets. The final data set is in the form of a time series of negative, neutral and positive tweets for each day d. In particular, we create the following time series for each company:
• Volume of tweets, T W d : the total number of tweets in a day.
• Negative tweets, tw − d : the number of negative tweets in a day.
• Neutral tweets, tw 0 d : the number of neutral tweets in a day.
• Positive tweets, tw + d : the number of positive tweets in a day.
• Sentiment polarity, P d : the difference between the number of positive and negative tweets as a fraction of non-neutral tweets [32] ,
Methods

Correlation and Granger causality
For an initial investigation of the relation between the Twitter sentiment and stock prices, we apply the Pearson correlation and Granger causality tests. We use the Pearson correlation to measure the linear dependence between P d and R d . Given two time series, X t and Y t , the Pearson's correlation coefficient is calculated as:
where · is the time average value. The correlation ρ(X, Y ) quantifies the linear contemporaneous dependence. We also perform the Granger causality test [28] to check if the Twitter variables help in the prediction of the price returns. The steps of the procedure applied are summarized as follows [33]:
• Determine if the two time series are non-stationary, by the Augmented Dickey-Fuller (ADF) test.
• Build a Vector Autoregressive (VAR) model and determine its optimal order by considering four measures: AIC, BIC, FPE, HQIC.
• Fit the VAR model with the selected order from the previous step.
• Perform the Ljung-box test for no autocorrelation in the residuals of the fit.
• Perform the F-test to detect statistically significant differences in the fit of the baseline and the extended models (Granger causality test).
Event study
The method used in this paper is based on an event study, as defined in financial econometrics [34] . This type of study analyzes the abnormal price returns observed during external events. It requires that a set of abnormal events for each stock is first identified (using prior knowledge or automatic detection), and then the events are grouped according to some measure of "polarity" (whether the event should have positive, negative or no effect on the valuation of the stock). Then, the price returns for events of each group are analyzed. In order to focus only on isolated events affecting a particular stock, the method removes the fluctuations (influences) of the market to which the stock belongs. This is achieved by using the market model, i.e., the price returns of a selected index. Event window. The initial task of conducting an event study is to define the events of interest and identify the period over which the stock prices of the companies involved in this event will be examined: the event window, as shown in Figure 1 . For example, if one is looking at the information content of an earnings announcement on day d, the event will be the earnings announcement and the event window (T 1 , T 2 ] might be (d− 1, d+ 1]. The reason for considering one day before and after the event is that the market may acquire information about the earnings prior to the actual announcement and one can investigate this possibility by examining pre-event returns.
Normal and abnormal returns. To appraise the event's impact one needs a measure of the abnormal return. The abnormal return is the actual ex-post return of the stock over the event window minus the normal return of the stock over the event window. The normal return is defined as the return that would be expected if the event did not take place. For each company i and event date d, we have:
where
] are the abnormal, actual, and expected normal returns, respectively. There are two common choices for modeling the expected normal return: the constant-mean-return model, and the market model. The constant-mean-return model, as the name implies, assumes that the mean return of a given stock is constant through time. The market model, used in this paper, assumes a stable linear relation between the overall market return and the stock return.
Estimation of the normal return model. Once a normal return model has been selected, the parameters of the model must be estimated using a subset of the data known as the estimation window. The most common choice, when feasible, is to use the period prior to the event window for the estimation window (cf. Figure 1 ). For example, in an event study using daily data and the market model, the market model parameters could be estimated over the 120 days prior to the event. Generally, the event period itself is not included in the estimation period to prevent the event from influencing the normal return model parameter estimates.
Statistical validation. With the estimated parameters of the normal return model, the abnormal returns can be calculated. The null hypothesis, H 0 , is that external events have no impact on the returns. It has been shown that under H 0 , abnormal returns are normally distributed, AR i,τ ∼ N (0, σ 2 (AR i,τ )) [29] . This forms the basis for a procedure which tests whether an abnormal return is statistically significant.
Event detection using Twitter activity peaks. This part first discusses the algorithm used to detect Twitter activity peaks, which are then treated as events. Next, it describes the method used to assign a polarity to the events, using the Twitter sentiment. Finally, it discusses a specific type of events for the companies studied, called earnings announcement events, which are already known to produce abnormal price jumps.
Detection of Twitter peaks. To identify Twitter activity peaks, for every company we use the time series of its daily Twitter volume, T W d . We use a sliding window of 2L + 1 days (L = 5) centered at day d 0 , and let d 0 slide along the time line. Within this window we evaluate the baseline volume activity T W b as the median of the window [35] . Then, we define the outlier fraction φ(d 0 ) of the central time point d 0 as a relative difference of the activity T W d0 with respect to the median baseline T W b :
Here, n min = 10 is a minimum activity level used to regularize the definition of φ(d 0 ) for low activity values. We say that there is an activity peak at d 0 if φ(d 0 ) > φ t , where φ t is a threshold value, set to φ t = 2. As an illustration, the resulting activity peaks for the Nike company are shown in Figure 2 . After the peak detection procedure, we treat all the peaks detected as events. These events are then assigned polarity (from Twitter sentiment) and type (earnings Polarity of events. Each event is assigned one of the three polarities: negative, neutral or positive. The polarity of an event is derived from the sentiment polarity P d of tweets for the peak day. From our data we detected 260 events. The distribution of the P d values for the 260 events is not uniform, but prevailingly positive, as shown in Figure 3 . To obtain three sets of events with approximately the same size, we select the following thresholds, and define the event polarity as follows:
• If P d ∈ [−1, 0.15) the event is a negative event,
• If P d ∈ [0.15, 0.7] the event is a neutral event,
• If P d ∈ (0.7, 1] the event is a positive event.
Putting thresholds on a signal is always somewhat arbitrary, and there is no systematic treatment of this issue in the event study [34] . The justification for our approach is that sentiment should be regarded in relative terms, in the context of related events. Sentiment polarity has no absolute meaning, but provides just an ordering of events on the scale from -1 (negative) to +1 (positive). Then, the most straightforward choice is to distribute all the events uniformly between the three classes. Detailed tables with the event dates and their polarity is in Supplement 1.
Event types. For a specific type of events in finance, in particular quarterly earnings announcements (EA), it is known that the price return of a stock abnormally jumps in the direction of the earnings [29, 30] . In our case, the Twitter data shows high posting activity during the EA events, as expected. However, there are also other peaks in the Twitter activity, which do not correspond to EA, abbreviated as non-EA events. See Figure 2 for an example of Nike.
The total number of peaks that our procedure detects in the period of the study is 260. Manual examination reveals that in the same period, there are 151 EA events 2 . Our event detection procedure detects 118 of them, the rest are non-EA events. This indicates that there is a large number of interesting events on Twitter which cannot be explained by earnings announcement. The impact of the EA events on price returns is already known in the literature, and our goal is to reconfirm these results. On the other hand, the impact of the non-EA events is not known, and it is interesting to verify if they have similar impact on prices as the EA events. Therefore, we perform the event study in two scenarios, with explicit detection of the two types of events, all the events (including EA) and non-EA events only:
1. Detecting all events from the complete time interval of the data, including the EA days. In total, 260 events are detected, 118 out of these are the EA events. The first scenario allows to compare the results of the sentiment analysis with the existing literature [29] . It is worth noting, however, that the variable used to infer "polarity" of the events there is the difference between the expected and announced earnings. The analysis of the non-EA events in the second scenario tests if the Twitter sentiment data contains useful information about the behavior of investors for other types of events, in addition to the already well-known EA events.
Estimation of normal returns. Here we briefly explain the market model procedure for estimation of normal returns. Our methodology follows the one presented in [29] and [36] . The market model is a statistical model which relates the return of a given stock to the return of the market portfolio. The model's linear specification follows from the assumed joint normality of stock returns. We use the DJIA index as a normal market model. This choice helps us avoid adding too many variables to our model and simplifies the computation of the result. The aggregated DJIA index is computed from the mean weighted prices of all the stocks in the index. For any stock i, and date d, the market model is:
where R i,d and R DJIA,d are the returns of stock i and the market portfolio, respectively, and ǫ i,d is the zero mean disturbance term.
are the parameters of the market model. To estimate these parameters for a given event and stock, we use an estimation window of L = 120 days, according to the hint provided in [29] . Using the notation presented in Figure 1 for the time line, the estimated value of σ
is:
whereα i ,β i are the estimated parameters following the OLS procedure [29] . The abnormal return for company i at day d is the residual :
Statistical validation. Our null hypothesis, H 0 , is that external events have no impact on the behavior of returns (mean or variance). The distributional properties of the abnormal returns can be used to draw inferences over any period within the event window. Under H 0 , the distribution of the sample abnormal return of a given observation in the event window is normal:
Equation 9 takes into account the aggregation of the abnormal returns. The abnormal return observations must be aggregated in order to draw overall conclusions for the events of interest. The aggregation is along two dimensions: through time and across stocks. By aggregating across all the stocks [36] , we get:
The cumulative abnormal return (CAR) from time τ 1 to τ 2 is the sum of the abnormal returns:
To calculate the variance of the CAR, we assume σ 2 AR = σ 2 ǫi,t (shown in e.g., [29, 36] ):
where N is the total number of events. Finally, we introduce the test statistic θ. With this quantity we can test if the measured return is abnormal:
where τ is the time index inside the event window, and |τ 2 − τ 1 | is the total length of the event window.
Results
Correlation and Granger causality
Correlation. Table 2 shows the computed Pearson correlations, as defined in the Methods section. The computed coefficients are small, but are in line with the result of [26] . In our opinion, these findings and the one published in [26] underline that when considering the entire time period of the analysis, days with a low number of tweets affect the measure.
Granger causality. The results of the Granger causality tests are also in Table 2 . They show the results of the causality test in both directions: from the Twitter variables to the market variables and vice-versa. The table gives the Granger causality links per company between a) sentiment polarity and price return, and b) the volume of tweets and absolute price return. The conclusions that can be drawn are:
• The polarity variable is not useful for predicting the price return, as only three companies pass the Granger test.
• The number of tweets for a company Granger-causes the absolute price return for one third of the companies. This indicates that the amount of attention on Twitter is useful for predicting the price volatility. Previously, this was known only for an aggregated index, but not for individual stocks [24, 26] .
Cumulative abnormal returns
The results of the event study are shown in Figures 4 and 5 , where the cumulative abnormal returns (CAR) are plotted for the events defined earlier. for the detected Twitter peaks, are included in Figures 4 and 5 . The results are largely consistent with the existing literature on the information content of earnings [29, 30] . The evidence strongly supports the hypothesis that tweets do indeed convey information relevant for stock returns. Figure 4 shows CAR for all the detected Twitter peaks, including the EA events (45% of the detected events are earnings announcements). The average CAR for the events is abnormally increasing after the positive peaks and decreasing after the negative sentiment peaks. This is confirmed with details in Table 3 . The value of θ remains above two standard deviations for ten days after Ticker Pearson correlation Granger causality the positive sentiment events. Given this result, the null hypothesis that the event has no impact on price returns is rejected. The same holds for negative sentiment events, but the CAR (actually loss) is twice as large in absolute terms. The CAR after the neutral events is very low, and barely significant only at the event days; at subsequent days one cannot reject the null hypothesis. A more interesting result concerns the non-EA events in Figure 5 . Even after removing the earnings announcements, with already known impact on price returns, one can reject the null hypothesis. In this case, the average CAR of the non-EA events is abnormally increasing after the detected positive peaks and decreasing after the negative peaks. Table 3 shows that after the event days the value of θ remains above two standard deviations for 6 days after the positive events, and for 11 days after the negative events. The period of impact of Twitter sentiment on price returns is shorter when the EA events are removed, and the CARs are lower, but in both cases the impact is statistically significant. 
Discussion
In this work we present significant evidence of dependence between stock price returns and Twitter sentiment in tweets about the same companies. As a series of other papers have already shown, there is a signal worth investigating which connects social media and market behaviour. This opens the way, if not to forecasting, then at least to "now-casting" financial markets. The caveat is that this dependence becomes useful only when data are properly selected, or different sources of data are analyzed together. For this reason, in this paper, we first identify events, marked by increased activity of Twitter users, and then observe market behaviour in the days following the events. This choice is due to our hypothesis that only at some moments, identified as events, there is a strong interaction between the financial market and Twitter sentiment. Our main result is that the aggregate Twitter sentiment during the events implies the direction of market evolution. While this can be expected for peaks related to "known" events, like earnings announcements, it is really interesting to note that a similar conclusion holds also when peaks do not correspond to any expected news about the stock traded. Studies as this one could be well used in order to establish a direct relation between social networks and market behaviour. A specific application could, for example, detect and possibly mitigate panic diffusion in the market from social network analysis. To such purpose there is some additional research to be done in the future. For one, detection of Twitter events should rely just on the current and past Twitter volume, in order to be applicable for real-time monitoring. It might be worth characterizing the topics of Twitter events, specially the non-EA events, by applying text analysis tools, and investigating their impact on price movements. Also, during the events, we might move to a finer time scale, e.g., from daily to hourly resolution. Finally, our short term plan is to extend the analysis to a larger number of companies with high Twitter volume, and over longer period of time.
